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Abstract 
This article aims to identify the variables inside the road context that have a greater impact on determining the 85th percentile 
speed (V85). The methodology introduced in this paper detects at first the real driving scenario through the survey of many 
variables in order to direct attention to the important ones. At this database we have applied clustering techniques in order to 
extract a more advanced level of knowledge and, in particular, to identify which variables are most important in determining 
the V85 speed. 
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1. Introduction 
Almost all the analytical relationship inside the international road standard are based on design speed. In the 
literature there are numerous expressions of speed, but one that meets more the favor of designers is the 85th 
percentile speed (V85), as it is a truer measure of the behavior actually required by users. It is a driving dynamic 
value for the geometric design of single road elements and it is defined [1] as the speed below which 85 percent of 
vehicles operate under free-flow condition on clean, dry road pavement (only 15% of the users exceeds the 
measured speed). Therefore, its knowledge is essential in the design phase since it allows to test for potential 
heterogeneity of the alignment as well as in the verify of existing roads it allows to highlight safety issues. 
Already in the ’80, some authors have tried to relate it to geometric characteristics of the road [1, 2, 3, 4] or to 
the drivers’ cognitive aspects [5, 6]. The growing interest in this topic has stimulated the production of several 
procedures that, however, determined the value of V85 by measures of speed, safety and performance [7] and all 
had in common the use of regression laws based on empirical surveys of a few variables deemed important in the 
observed phenomenon. Among these, there has been certainly the design speed, the radius of the curves, the 
length of the individual geometric elements, the cross slope, the analysis of accidents and, above all, homogeneity 
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between a geometric element and the next [8, 9, 10, 11, 12, 13]. 
The development of modern computers has made it possible to perform more complex analysis, taking into 
account the real road geometry in 3D [14], increasing the number of variables of the problem [15, 16] or by 
configuring research operating procedures where seek for a maximum or minimum of a function was constrained 
by the presence of functions and inequalities depending on effective scenarios [17, 18]. 
In recent years, the instrumental survey of the main features of the road environment have become more 
affordable, so the concern of researchers has been to sort, classify and, above all, create knowledge from raw data 
by means of data mining procedures more advanced than traditional statistical analysis [19, 20, 21, 22, 23, 24, 25, 
26] or, more recently, by artificial intelligence [27]. Another exception, for their special interest, deserve study on 
driving simulators that allow to take into account extremely dangerous driving scenarios with a large number of 
variables involved [28, 29, 30]. 
All studies until now published suffer from a common criticism: V85 speed obtained is highly contextualized 
in the road environment on which the experiments were performed [31] although, often, the authors have placed 
inside the algorithms only few variables of general identification (mostly of geometric type), so as to ensure a 
widespread application. However, the excellent correlation indices that accompany such research are not 
acknowledged when the road environment is only slightly modified. 
This brief literature review leads to a need for a methodology useful to identify what are the variables that 
actually affect the value of V85 speed and if there are correlations between them. In this regard, it is generally 
accepted the use of artificial intelligence to overcome these shortcomings [32, 33, 34, 35, 36, 37], given that the 
traditional methods, such as the probability analysis [38], have too much difficulty when the nature of random 
variables is particularly (as the driver), but although their number and interdependence can affect the resolution of 
the problem [39, 40]. 
The purpose of this article, therefore, is the application of neuro-fuzzy procedures [41, 42, 43, 44, 45, 46] to a 
data set specifically registered to highlight which variables, single or in connection with each other, greatly 
influence the value of V85 [47, 48, 49, 50, 51, 52]. The achievement of this objective is fundamental because it 
would allow both during the design of a new road or during the maintenance of an existing road, to act on well-
identified characteristics of the scenario that often are not covered by the applied standard. 
2. Method 
The V85 does not only depend on few variables related to the geometry of the road, as represented in the vast 
majority of studies on road consistency. Moreover, believing that the real phenomenon is actually represented by 
these features, the V85 would be insensitive to any intervention by the operator of the road. 
For this reason, the methodology proposed by the authors has provided a sequence of steps necessary for better 
understanding the phenomenon under study: 
a) Acquisition of the geometric characteristics of the road to be examined. 
b) Determination of the design speed, the visibility distance both offered by the road and that required by 
Italian standard [53]. 
c) Survey of vehicle speeds in 45 sections located at the bisector of the curves and calculation of V85. 
d) Classification of certain characteristics of the road scenario (presence of admissions and intersections, 
presence of signs, markings, barriers, roughness of the pavement) into four qualitative categories, depending on 
the level of performance deducted by the analyst. 
e) Application of neuro-fuzzy techniques to the data set, in order to identify the most appropriate data 
classification. 
The SS113 rural road, located in Messina (Italy), on which we tested our methodology, is constituted by dual 
lanes and single carriageway, with a maximum longitudinal slope of 5% and lane widths of between 3.50 m and 
3.75 m. As already mentioned, the surveyed variable are (in parenthesis the symbol used in the following tables): 
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1. radius of the curve (R); 
2. angle of deviation (Defl), is the angle between two consecutive segments of the polygonal; 
3. design speed (Vd); 
4. available sight distance offered (ASD); 
5. stopping sight distance required (SSD); 
6. presence of admission (Adm), i.e. the presence of entrances in private houses; 
7. presence of intersections (Int); 
8. horizontal signs (HSig), that is, the signs on the road pavement; 
9. vertical signs (VSig); 
10. presence of barriers (Bar); 
11. roughness of the pavement (Rou); 
12. visibility of the inner edge (Edg). 
In contrast to many models in the literature has not been made use of the Curvature Change Rate (CCR) 
parameter. Indeed, given the absence of any evidence variable curvature inside the road examined, the CCRs are 
reduced to an index, a function of radius only, already among the factors considered. 
2.1 Geometrical characteristic of the road. 
The study was conducted on a 22 km stretch of a rural road called “SS 113” that connects Messina with 
Trapani (Italy). The infrastructure is old, antecedent to modern road standards and, as such, is composed of a 
succession of straight stretches and circular curves, without the presence of elements of transition. 
The alignment is very winding, with short straight stretches interposed between the curves. The variability of 
the radii of the horizontal curves is greatly elevated and spans from a minimum of 24 meters to a maximum of 
3300 meters. The longitudinal slope is modest for the entire development (0% ≤ i ≤ 5%). Moreover, the road is 
characterized by low volumes of traffic, absence of intersections and private access in the nearby areas and by a 
sufficient geometric homogeneity so as not to induce abrupt maneuvers by users. 
The main geometric characteristics were found by the authors through examination of digital cartography in 
3D and with the aid of a differential GPS. 
2.2 Visibility distances and design speed. 
The sight distance effectively available (ASD) were obtained using a commercial software (Civil Design® by 
Digicorp), through the preparatory reconstruction of horizontal and vertical alignment of the road, including the 
identification of all the obstacles in the three dimensions of the space able to influence the vision of the driver. 
The 3D analysis, as it is well known, is more precise than the traditional 2D analysis, as it allows consideration of 
the effective trajectory of the vision radius according to the altimetry of the road and of the obstruction of the 
obstacles with their effective height.  
The calculation of the stopping sight distance (SSD), as required by Italian Standard (2001), is carried out by 
means of the resolution of the equation below, substantially similar to that contained in many international 
standard: 
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Where the variables contained in the expression have the following meaning: 
D1 = distance covered over time W (m). 
D2 = braking distance (m). 
V0 = design speed of the vehicle at the beginning of braking, equal to the design speed obtained punctually 
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from the design speed diagram (km/h). 
V1 = final design speed of the vehicle, in which V1 = 0 in case of stopping (km/h). 
i = longitudinal slope of road (%). 
W = total reaction time (perception, reflection, reaction and performance) (s). Italian standard recommended to 
put this variable equal to 2.8-0.01×V0. 
g = gravitational acceleration (m/s2), equal to 9.8 m/s2.  
m = mass of the vehicle (kg). Italian standard recommended to put this variable equal to 1250 kg. 
Ra = aerodynamic resistance (N). Italian standard recommended to put this variable equal to (2.61×10-5×V02) × 
m. 
fl = longitudinal coefficient for braking. Italian standard recommended to infer this variable from literature. 
r0 = unitary resistance to rolling, generally negligible (N/kg). 
Knowledge of the geometry of the road has also allowed for valuation of the design speed Vd, obtained 
according to the indications provided by Italian standard, in a way greatly similar to that which takes place with 
standard of other countries. In the case in question, it is not important to report the course of the Vd on the whole 
map but on the curves. The speed on these elements can be obtained from the following expression, that links the 
radius R (m), the inferred design speed Vd (km/h), the coefficient of lateral friction (function of the Vd) and the 
cross-sectional slope of road q (%): 
)qf(R127Vd t uu  (2) 
2.3 V85 determination. 
The campaign of survey was carried out during daylight hours, with dry and regular paving and good 
meteorological conditions. Of course, according to the procedure for this type of measurement [1], the 
conditioning factors due to traffic were not considered, nor did motocycles, commercial or heavy vehicles, or cars 
with spacing between them of a time less than 5 seconds take part in the analysis.  
The speed was surveied by means of a laser speed gun. This instrument, as is known, measures the round-trip 
time for light to reach a vehicle and reflect back and shoots a very short burst of infrared laser light and then waits 
for it to reflect off the vehicle.  
For every place, the speeds of over 250 vehicles were recorded, obtaining from the analysis a minimal number 
not less than 100 isolated vehicles. In total, more than 9000 passages were therefore acquired and all the data 
collected were processed in order to obtain the 85th percentile of the values of the speeds (V85). The analysis, as 
already stated, is based on the study of 45 cross sections. 
For each of the sections analysed, the main parameters of interest were assessed in order to reconstruct the 
distribution of the speeds and, therefore, the determination of the V85.  
The density of relative frequency fi of the class was calculated with the well known equation: 
i
i
n
f
n A
   (3) 
From the relative frequency, this then passes to the cumulated frequency through the equation: 
i iF A f ¦  (4) 
meant as the frequency to which the vehicles travel at the lower speed or equal to the speed considered. In this 
way it was possible to reconstruct the course of the distributions of the frequency in relation to the position of 
each section. 
Referring to the equations reported above: 
ni is the absolute frequency, that is the number of elements pertaining to the class; 
n is the total number of the elements in the series of data; 
A is the amplitude of the class. 
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The information so collected allowed the reconstruction of the distributions of the frequency in relation to the 
position of each section and the calculation of the representative value of the 85th percentile. 
2.4 Classification of other characteristics of the road scenario. 
In order to complete the survey of the road environment, further variables (admissions, intersections, 
horizontal and vertical signs, barriers, roughness of the surface pavement and visibility of the inner edge) that can 
greatly affect the driver’s speed have been identified and classified in four categories, based on the analyst's 
judgment. Although this is a subjective determination, however, it was simply found or not the presence or the 
degree of effectiveness of the element under consideration and, therefore, we think that the difference with what is 
perceived by the user is negligible. 
2.5 Brief notes about the application of Neuro-Fuzzy techniques 
Neuro-fuzzy techniques exploit Artificial Neural Networks (ANNs) procedures to determine the properties of 
fuzzy sets and fuzzy rules by processing data sets. The most famous approach in this field is the adaptive neuro-
fuzzy inference system (ANFIS), in which the membership function parameters and the rules are extracted from a 
data set opportunely surveyed [41]. 
The model is trained with the back-propagation gradient descent method and because of slowness, is combined 
with the least squares method.  
To illustrate the methodology behind the procedure, we can introduce a simple example with two fuzzy if-then 
rules based on a first order Sugeno model: 
Rule 1: If (x is A1) and (y is B1) then (f1 = p1x + q1y + r1) 
Rule 2: If (x is A2) and (y is B2) then (f2 = p2x + q2y + r2) 
where x and y are the inputs, Ai and Bi are the fuzzy sets, fi are the outputs, pi, qi and ri are the design 
parameters that are determined during the training progression. In the figure 1 a circle indicates a fixed node and a 
square is an adaptive node. 
With reference at the figure 1, the first layer is composed by adaptive nodes and the outputs are the fuzzy 
membership grade of the inputs, given by: 
O1i= μAi(x)   with i = 1, 2. (5) 
O1i= μBi−2(y)   with i = 3, 4. (6) 
 
Fig. 1 - ANFIS architecture 
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In the second layer, there are only fixed nodes and they are simple multiplier (M). The outputs can be 
expressed as: 
O2i= wi = μAi (x)μBi (y)   with i = 1, 2. (7) 
called the firing strengths of the rules.  
Also in the third layer, the nodes, labelled with N, are all fixed. They normalize the firing strengths from the 
previous layer. 
The outputs can be reported as: 
21
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In the fourth layer, there are only adaptive nodes. The output is the product of the normalized firing strength 
and a first order polynomial: 
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In the fifth layer, there is a single fixed node (S) that sums all incoming signals: 
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It can be observed in the first adaptive layer, there are three modifiable parameters ai, bi, ci, (premise 
parameters) related to the input membership functions. In the fourth adaptive layer, there are different modifiable 
parameters (called consequent parameters) pi, qi, ri, pertaining to the first order polynomial. 
The learning algorithm is designed to calibrate all the modifiable parameters as { ai, bi, ci } and { pi, qi, ri }, to 
make the output compatible with the training data. 
When the membership function are fixed, the output can be written as: 
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And, finally: 
2211 fwfwf   (12) 
And substituting the fuzzy if-then rules into the last equation: 
)ryqxp(w)ryqxp(wf 22221111   (13) 
In this way and after some rearrangement, the output can be expressed as: 
222222111111 r)w(q)yw(p)xw(r)w(q)yw(p)xw(f   (14) 
As mentioned, an hybrid algorithm combining the least squares method and the gradient descent method can 
be used to identify in a faster way the optimal values of these parameters, especially when the premise parameters 
are not fixed. 
In particular, when the premise parameters are fixed, the least squares method (forward pass) is used to 
optimize the consequent parameters. Once the optimal consequent parameters are found, the gradient descent 
method (backward pass) is used to adjust in an optimal mode the premise parameters corresponding to the fuzzy 
sets in the input domain. The output of the ANFIS is calculated by using the consequent parameters already found 
in the forward pass, while the output error allows to adapt the premise parameters with the back-propagation 
algorithm [41]. 
3. Results 
3.1 Application 
The methodology described above has been applied to a rural road located near the town of Messina (Italy). In 
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the first phase, the survey and subsequent elaboration of the equations contained in the previous paragraph have 
allowed the reconstruction of the road geometry, the design and V85 speed, the sight distances and the other 
variables. The final results, are summarized in the following table (Table 1). 
 
Table 1. Data set of the observed and deducted values 
R Defl Vd ASD SSD Adm Int HSig VSig Bar Rou Edg V85 
700 8.8 100,0 214.9 161.6 2 1 2 1 3 4 2 73.7 
220 2.2 76.3 108.3 100.1 2 1 2 1 3 3 1 73.5 
80 0.6 50.9 35.3 55.4 3 1 2 1 3 2 2 53.2 
500 5.8 100,0 98.2 161.6 2 1 3 3 3 3 2 66.7 
800 5,0 100,0 81.7 161.6 2 2 4 1 3 3 2 85.7 
350 2.2 91.6 55.8 138.6 3 1 3 1 3 2 3 72,0 
60 0.3 45.2 28.2 46.8 1 1 1 3 3 3 1 55.8 
62 0.4 45.8 50.6 48.2 1 1 1 4 4 2 2 52,0 
110 0.9 57.9 66.6 66.4 3 1 3 1 3 3 2 72,0 
45 0.4 40.1 33.3 40.1 1 1 2 3 3 3 1 49.4 
80 1,0 50.9 32.6 55.4 1 1 2 2 2 2 3 58.4 
60 1.7 45.2 52.7 46.8 1 1 3 3 3 3 1 57.3 
37 0.5 36.9 70.6 36.4 1 1 3 3 3 4 2 48,0 
60 1,0 45.2 49.2 46.8 2 1 3 3 4 3 2 57.1 
38 0.8 37.3 21.9 36.4 1 1 2 3 3 2 1 50.1 
55 1,0 43.6 36.9 45.4 1 1 2 3 3 1 1 48.3 
45 0.8 40.1 24,0 40.1 1 2 1 3 3 2 1 52.9 
100 2.8 55.7 42.9 63.1 3 1 2 3 3 1 1 57.1 
130 1.2 61.9 75.5 73.1 2 1 3 1 3 2 3 67.9 
150 4.6 65.6 58.2 80.3 1 1 2 2 3 2 1 73,0 
200 4.7 73.5 70.4 93.9 2 1 3 2 3 1 1 71.1 
200 5.3 73.5 137.2 93.9 3 1 2 1 2 4 1 68,0 
200 2.2 73.5 90.9 93.9 1 2 2 1 2 3 1 70.8 
700 8.8 100,0 106,0 161.6 2 1 2 1 3 4 1 65.6 
220 2.2 76.3 54.8 100.1 2 1 2 1 3 2 1 67.9 
80 0.6 50.9 52.1 55.4 3 1 2 1 3 3 1 58.1 
500 5.8 100,0 171,0 161.6 2 1 3 3 3 4 3 90,0 
800 5,0 100,0 194.2 161.6 2 2 4 1 3 3 2 75,0 
350 2.2 91.6 120.9 138.6 3 1 3 1 3 3 2 85.7 
60 0.3 45.2 50,0 46.8 1 1 1 3 3 2 1 50.2 
62 0.4 45.8 28.4 48.2 1 1 1 4 4 2 2 51,0 
110 0.9 57.9 38.3 66.4 3 1 3 1 3 2 1 72,0 
45 0.4 40.1 43,0 40.1 1 1 2 3 3 2 1 52.2 
80 1,0 50.9 57.5 55.4 1 1 2 2 2 3 1 61,0 
60 1.7 45.2 30.6 46.8 1 1 3 3 3 2 1 57,0 
37 0.5 36.9 21.9 36.4 1 1 3 3 3 2 1 50,0 
60 1,0 45.2 27.9 46.8 2 1 3 3 4 2 1 42.9 
38 0.8 37.3 39.3 36.4 1 1 2 3 3 2 1 52.9 
55 1,0 43.6 47.4 45.4 1 1 2 3 3 2 1 46.2 
45 0.8 40.1 42.9 40.1 1 2 1 3 3 2 1 46.2 
100 2.8 55.7 73.8 63.1 3 1 2 3 3 2 1 76.6 
130 1.2 61.9 39.4 73.1 2 1 3 1 3 2 1 68.3 
150 4.6 65.6 224.7 80.3 1 1 2 2 3 4 1 64.2 
200 4.7 73.5 124.9 93.9 2 1 3 2 3 3 1 68.4 
200 5.3 73.5 87.6 93.9 3 1 2 1 2 3 1 70,0 
 
As previously mentioned, the twelve input variables are not all of equal significance in influencing 
compaction. Therefore, the purpose of the procedure was to identify the most important variables both 
individually and in groups, by means of neuro-fuzzy techniques (Tables 2 and 3).  
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Table 2. Evaluation of two out of twelve by means of ANFIS. The most influent features are the pair ASD and SSD. 
Training Checking 'RMSE 
ASD- SSD 3,94 89,28 85,34 
SSD- Edg 4,51 6,90 2,39 
R- HSig 4,62 8,10 3,49 
Defl- SSD 4,63 6,97 2,34 
Defl- Vd 4,65 6,93 2,28 
R- Edg 4,66 7,29 2,62 
Vd- SSD 4,71 6,92 2,20 
R- VSig 4,85 7,89 3,03 
Vd- VSig 4,88 8,33 3,45 
Vd- Rou 4,89 6,92 2,03 
SSD- Rou 4,91 6,71 1,80 
… … … … 
 
Table 3 – Evaluation of three out of twelve by means of ANFIS. The most influent features are again the pair ASD and 
SSD, with a certain importance of the visibility of the edge (low 'RMS). 
Training Checking 'RMSE 
ASD- SSD-HSig 1,18 198,89 197,71 
ASD- SSD-Rou 1,42 782,72 781,31 
ASD- SSD-Edg 1,54 82,13 80,59 
Vd-ASD- Edg 1,54 156,64 155,09 
ASD- SSD-VSig 1,55 345,97 344,42 
Defl- Vd-ASD 1,64 592,51 590,87 
Vd-HSig- Rou 1,78 23,67 21,89 
SSD-HSig- Rou 1,80 31,44 29,65 
ASD- HSig- Rou 1,84 15,73 13,89 
R- Vd-ASD 1,85 166,76 164,90 
R- ASD- SSD 1,88 1063,40 1061,52 
… … … … 
 
In brief, the procedure can be summarized in the following steps: 
x Collection of a training data set (the first 30 observations) that contains the desired input/output data of the 
system to be modeled. 
x Specification of an initial model structure (in this case, it was the Sugeno type).  
x After generating the initial fuzzy model structure, training by means of back-propagation form of the steepest 
descent method. The optimization method train the membership function parameters to emulate the training 
data. 
x After the fuzzy model is trained, validation using a testing or checking data different from the used one. 
The index used by the authors to appreciate the fairness of the procedure was the Root Mean Square Error 
(RMSE), although there are other statistical parameters that there will not discuss for reasons of brevity. The 
RMSE is a measure of precision by means of the differences (called residuals) between values predicted by a 
model and the values actually observed from the thing being estimated. In this paper has been used the normalized 
root mean square error, obtained as RMSE divided by the range of observed values. The result is, therefore, 
expressed as a percentage, where lower values indicate less residual variance. 
The training error is the difference between the training data output value and the output of the fuzzy system 
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corresponding to the same training data input value (the one associated with that training data output value). The 
training error records the RMSE of the training data set at each epoch. The checking error is the difference 
between the checking data output value and the output of the fuzzy system corresponding to the same checking 
data input value, which is the one associated with that checking data output value. The checking error records the 
RMSE for the checking data at each epoch. 
In the present case, a part of the observations (30) were used to select the best classifier (respectively, with a 
pair and with three variables at a time) and the remainder (15) to estimate the error rate of trained classifier. 
The steepest descent method is a first-order optimization algorithm. To find a local minimum of a function this 
procedure takes steps proportional to the negative of the function gradient at the current point. On the contrary, if 
the steps are proportional to the positive of the gradient, a local maximum of that function will be approached. 
The training error is the difference between the training data output value and the output of the fuzzy system 
corresponding to the same training data input value (the one associated with that training data output value). The 
training error records the RMSE of the training data set. The checking error is the difference between the 
checking data output value and the output of the fuzzy system corresponding to the same checking data input 
value, which is the one associated with that checking data output value. The Root Mean Squared Error (RMSE), 
has measured the average mismatch between each data point and the model and therefore it has provided an 
answer about the correctness of the procedure. As it is known, if the value of RMSE is zero, the model has 
performed in a perfect way the survey data and, on the contrary, high RMSE results can indicate a bad fit. 
Unfortunately, there are no fixed values to be reported on the thresholds. This paper has used a procedure of 
comparative evaluation among the results obtained. The least error indicates the most influent feature but it is also 
important to verify the difference between training and checking errors because a high value would indicate the 
presence of overfitting. 
The analysis carried out with set of two and three variables at the same time (Tables 2 and 3) has highlighted 
that visibility demanded and offered (SSD and ASD) are the most influent features. The previous tables need a 
last consideration. The input variables have error values still acceptable and, therefore, one could argue that this 
technique does not perform a sharp selection. Instead the tables show only the best combinations in terms of 
training and checking error compared to the total. For example, the case of two variables simultaneously 
compared to the twelve input, should produce a number of combinations of 66 pairs, while the case of three 
variables should produce 220 different combinations. It is obvious that the technique has allowed us to identify 
the best combinations and only these were reported in the tables. 
 
4. Discussion and conclusions 
The results briefly reported in previous tables allow to set some basic points of this research, not immediately 
predictable in the initial phase of the trial. 
As mentioned, the proposed procedure attempted to identify some of the most influential variables considered 
in the determination of the V85. The simulation performed identified in the visibility offered by the infrastructure 
and that required by the stopping distance as the most representative in this regard. The analysis of the tables and, 
in particular, of the errors of the training phase and the difference of the residues, leads, however, to a degree of 
caution. The differences between groups of variables seem not, in many cases, so elevated. It should be noted, 
however that, for the sake of brevity, we have reported only the results most important, avoiding to represent 66 
and 220, respectively, groups combinations of two and three variables, respectively. Nevertheless, the reliability 
of the results could be improved if surveys contained a greater number of observations. 
However, it can be concluded that: 
x The procedure is not used to predict the value of the V85 but tries to identify the characteristics of the road 
environment that mostly affect it. This is a philosophy, in some respects, opposite to that part of literature that 
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has tried to obtain the V85 through statistical correlations based on a priori knowledge of a few variables 
previously selected by the analyst. 
x The final results are strongly guided by the surveyed data and, therefore, are not generalizable to other 
contexts. This feature, even if in appearance can be seen as a weakness of the procedure, ensures a better 
reliability than the models of literature obtained in contexts often not sufficiently clarified by the authors. The 
usefulness of the proposed procedure is the identification of features within the road environment that may be 
incorrect in order to give greater consistency to the infrastructure. 
Of course, this method to be more reliable must be supplied with surveys carried out on the scenario of 
interest, but could also be applied in similar contexts with each other without the acquisition of new data. 
x The methodology is quite flexible with regard to the increase in the number of variables and the number of 
observations. Indeed, the reliability of the final result will improve with increasing size of the array. 
x The main practical consequence concerns the utility that can have the road agency to plan maintenance 
operations. The indication of the elements in the road environment that should be modified to properly reduce 
or increase the V85 can be a good step forward in the ordinary decision-making processes. 
x Of course, the variables that we would included in the model are numerous. But, we do have some choices, as 
specified in Method section, in order to test the model with a fairly limited number of variables and depending 
on the measuring instruments in our possession. 
x The main theoretical fallout is represented, however, by the identification of the most influential variables 
compared to a greater number of them. Modern measuring instruments offer the possibility to record a large 
number of variables, but these must be sufficiently contained when they constitute, for example, the backbone 
of a complex model, such as a fuzzy system. Therefore, the procedure presented can be used to select a number 
of variables small enough to be inserted in a fuzzy prediction model for the determination of V85. 
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